Introduction 47
Frozen soils in the Arctic region store over 1500 Pg of carbon (Koven et al., 2011; Mackelprang et al., 48 2011 ) and as Arctic warming is exacerbated and permafrost thaw accelerates, the depth of the active 49 layer is increasing. As previously frozen carbon becomes available, it is expected that microbial activity 50 will increase, which may lead to increased atmospheric release rates of climate active gases such as 51 carbon dioxide (CO2), methane (CH4) and nitrous oxide (N2O) Mackelprang et al., 52 2011 ). Carbon-climate feedback studies of permafrost affected regions use temperature, soil moisture 53 and precipitation as the main drivers of decomposition rates (Koven et al., 2011; Schuur et al., 2015) . 54
While models are useful to gain a global understanding of the impact of climate change on permafrost 55 thaw and greenhouse gas release, the accuracy of results obtained is highly variable when compared 56 with data collected in the field or laboratory (Schuur et al., 2015) due to empirical and modelling 57 uncertainties which still need to be addressed (Bradford et al., 2016) . 58
As microorganisms drive biogeochemical cycling and participate in the uptake and release of CO2, CH4 59 and N2O, microbial data should be incorporated in climate models. Current models use soil properties 60 to model changes in fluxes, without considering microbial communities and the changes in community 61 composition induced by climate change (Bardgett et al., 2008; Nazaries et al., 2013) . Adding microbial 62 information into models will improve their predictions; however, detailed microbial data is still 63 required, with a focus on the microbial community, diversity, function, stability and long-term changes 64 in these communities (Graham et al., 2012; Nazaries et al., 2013) . While global surveys of microbial 65 diversity have already been conducted (Tedersoo et al., 2014; Delgado-Baquerizo et al., 2018) , the 66 number of Arctic samples is restricted (Malard and Pearce, 2018) and therefore, microbial data is still 67 lacking for most permafrost-affected regions. 68
To accurately model spatial distribution patterns of microbes and incorporate microbial data from 69 permafrost-affected regions in climate models in the near future, the first step is to produce a baseline 70 database of microbial diversity with respect to biogeographical distribution. Biogeography is the study 71 of biodiversity across space and time, it gives insights into ecological mechanisms such as speciation, 72 extinction, dispersal and species interactions (Martiny et al., 2006; Fierer, 2008 2018). They demonstrated that microbial distribution is non-random, generally influenced by biotic and 82 abiotic factors such as plant cover, soil pH, C/N ratio or precipitation, and that communities vary from 83 one region to another. However, whether these patterns apply to Arctic microbial communities is still 84 subject to debate as these studies tend to have a low number of Arctic samples and Arctic studies have 85 generally focused on small scales patterns in restricted areas, as shown by Metcalfe et al. (2018)  86 highlighting the focuses on Abisko, Sweden and Toolik lake, Alaska. Large scale studies are therefore 87 required to improve our understanding not only of the spatial distribution of microorganisms but also 88 on the processes of community assembly. Producing a baseline database of diversity in the region will 89 enable the accurate modelling of spatial distribution, linking with patterns of functional processes to 90 evaluate the potential consequences of environmental change on ecosystem properties. 91
In this study, we conducted a Pan-Arctic survey of bacterial communities in Arctic soils to provide a 92 baseline of Arctic bacterial diversity. We addressed the following questions: (i) Are bacterial taxa 93 ubiquitously distributed or are there biogeographical patterns ? (ii) What are the key factors influencing 94 bacterial community structure ? (iii) Are there taxa closely associated with the key edaphic properties and 95 what can we learn from them? (iv) If bacterial taxa are not ubiquitous, is there a core microbiome? 96
Methods

97
Sample collection 98
Soil samples were collected across the Arctic region between April 2017 and September 2017, the GPS 99 coordinates of each site were recorded with a portable GPS [ Fig. 1 roots and rocks and using an ethanol-cleaned shovel and Whirl-Pak bags (Nasco, WI, USA). Remaining 108 plant roots and rocks were removed manually in a class II microbiological safety cabinet; samples were 109 homogenized by manual mixing and frozen at -20 °C before transportation to the United Kingdom. 110
Samples were conserved at -20 °C until analysed. 111
Soil properties 112
We focused our investigation on environmental variables previously identified as influencing bacterial 113 communities and included pH, conductivity, moisture and organic carbon. Moisture content was 114 measured gravimetrically for each soil sample after drying at 150 °C for 24 h and total organic content 115 (TOC) was measured gravimetrically by heating previously dried soils to 550 °C for 4 h. pH and 116 conductivity were measured in the laboratory in a 1:5 freshly thawed soil to water ratio, using a 117
Mettler-Toledo FE20 pH meter (Mettler-Toledo Instruments co., Shanghai, China) and a CMD500 118 conductivity meter (WPA, Cambridge, UK). 119
DNA extraction 120
Soil DNA was extracted for each sample using the PowerSoil kit (Qiagen, Hilden, Germany), for a total 121 
Illumina Sequencing and Data Processing 134
Raw amplicon sequences were demultiplexed with the associated barcodes. Cutadapt (Martin, 2011) 135 was used for adaptor and primer clipping. Forward and reverse reads longer than 240 bp were merged 136 (98 % ± 0.8 % / sample) using FLASH (fast length adjustment of short reads) (Magoč and Salzberg, 2011) 137 for a total of 20 million reads (~50,000 ± 30,000 reads/sample) initially. Vsearch (Rognes et al., 2016) 138 was used for downstream analyses. Quality filtering was carried out with an expected error < 1.5. 139
Dereplication was performed to identify unique sequences. A two-step chimera detection method was 
Data Availability 154
The dataset is deposited at European Nucleotide Archive / SRA under the accession number 155 PRJEB29109. 156
Statistical Analysis 158
All statistical analyses were performed with a combination of QIIME1 V 1.90 (Caporaso et al., 2010b) 159 and the R environment (Team, 2013) . Multiple rarefactions were performed in QIIME with the 160 smallest sample size as maximum depth. Alpha diversity (richness, Shannon and Simpson indices) 161 were calculated in QIIME on the matrices resulting from the multiple rarefactions. The differences in 162 alpha diversity indices were tested in QIIME using non-parametric (Monte-Carlo) tests across different 163 pH categories with a Bonferroni correction. 164
The non-rarefied OTU-table was normalized using cumulative-sum scaling (CSS) in QIIME ( To evaluate the spatial component, the geographic locations of the sampling sites were transformed into 174 cartesian coordinates using the SoDA package (Chambers, 2008) and the euclidean distance was 175 calculated using the vegan package. The presence of a linear trend was tested by redundancy 176 discriminant analysis and ANOVA as prescribed in Borcard et al. (2018) . A significant linear trend was 177 identified, violating the second-order stationarity assumption where the mean of the variable and its 178 spatial covariance are the same over the study area and its variance is finite. In other words, spatial 179 correlation coefficients cannot be tested for significance if an overall trend is present in the data 180 (Franklin and Mills, 2007; Borcard et al., 2018) and therefore, the data was detrended by linear 181 regression of the x,y coordinates. To carry meaningful spatial analysis, constructing spatial variables 182
representing spatial structures at all relevant scales is necessary (Borcard et al., 2018) . To do so, we 183 used distance-based Moran's Eigenvector Maps (dbMEM) on detrended data and x,y coordinates using 184 the adespatial R package (Dray et al., 2017) . Significance of the spatial vectors was assessed using 185 ANOVA. Forward selection was carried out to identify significant dbMEM vectors. OTUs that were specifically associated with the different pH ranges. The phylogenetic tree of indicator 194 species was built using the aligned sequences from the identified indicator OTUs and input into FastTree. 195
The tree was visualized using the Interactive Tree of Life (iTOL) online tool (Letunic and Bork, 2016 classes. Alphaproteobacteria (10.6%) and Betaproteobacteria (6.6%) were the most commonly 206 identified Proteobacteria (21% overall) and Verrucomicrobia was largely represented by 207 Spartobacteria (17.2%). Actinobacteria (10.7%), Chloroflexi (7%) and Bacteroidetes (3.5%) were also 208 among the abundant phyla classified. 209
Spatial and environmental factors influencing bacterial communities 210
Distance-decay curves were used to evaluate the influence of spatial factors on bacterial community 211 structure. Figure 2A structured environmental variables, also called induced spatial dependence, where the spatial 233 structure of these environmental variables induced a similar spatial structure in the response data 234 [detailed results in Table S1 ]. In total, 63.3 % of the total bacterial community dissimilarity could not 235 be explained by environmental and spatial factors after R 2 adjustment. 236
pH as a key environmental factor 237
Of the environmental variables we measured, we identified pH as the primary factor structuring Arctic 238 soil bacterial communities. The Pearson correlations indicated that pH did not have strong collinearity 239 (coefficient over |0.8|) with any other variable measured [ Table S2 ]. The second cluster included the lower acidoneutral range of samples from East Greenland (pH = 5.96 248 ± 0.69), Svalbard (pH = 5.65 ± 0.53) and Iceland (pH = 5.84 ± 0.46). Finally, the last cluster included the 249 higher range of acidoneutral and alkaline soils from Russia (pH = 6.19 ± 0.22) and Canada (pH = 7.94 ± 250 0.67). The full spectrum of soil pH was covered from pH = 3.5 to pH = 9.0 and geographical locations 251 often had samples from more than one pH category [ Fig. S2 ]. As pH was the primary factor we identified 252 influencing bacterial community structure, we defined three pH categories to focus on: acidic, 253 acidoneutral and alkaline. 254 255 256 257
Bacterial diversity by pH category 258
We compared the observed richness and Shannon diversity index by pH range [Fig. 5A , B] using a 259
Monte-Carlo test to assess differences. Alpha-diversity was significantly lower in acidic samples than 260 in acidoneutral and alkaline soils [ Table S3 ] 261
In terms of community composition, we differentiated the abundant community, composed of only 262 Holophagae. Alkaline soils presented a combination of both, a high number of shared (79 OTUs in 285 total) and 125 exclusive taxa. Alkaline unique taxa were mostly composed of Acidobacteria (36%) and 286 Proteobacteria (22%). From these unique taxa, the Acidobacteria subgroup 6 (20%), Blastocatellia 287 (12%) and Alphaproteobacteria (12%) dominated the community. 288
Indicator species 289
We conducted the indicator species analysis on the abundant taxa only as they may be more useful for 290 monitoring purposes. We identified 17 unique taxa-habitat associations. In acidic soils, 10 indicator 291 species, mainly Acidobacteria group 1 and 2 and Ca. Methylacidiphilum were identified. The 6 OTUs 292 associated with Acidoneutral soils were mainly Acidobacteria group 4 (Blastocatellia) and 293 Spartobacteria (Verrucomicrobia). Finally, only 1 OTU was identified as an indicator species for alkaline 294 soils and belonged to the Holophagae (Acidobacteria). We also conducted the indicator species analysis 295 of abundant taxa to combine pH ranges and identified 84 OTUs. 21 were identified as indicator species 296 of acidic and acidoneutral soils combined, and mainly belonged to the Verrucomicrobia. Only 2 OTUs 297 were associated with acidic and alkaline soils, Acidothermus (Actinobacteria) and Candidatus 298 Xiphinematobacter (Verrucomicrobia), further illustrating the low overlap of taxa between these 299 ecosystems and inferring the large ecosystem differences. Finally, 61 OTUs were associated with 300 acidoneutral and alkaline soils, mainly belonging to the Acidobacteria and Proteobacteria phyla (see 301 Figure S4 illustrates the taxonomic classes of the core microbiome and distribution 317 between each pH category. 318
Discussion
319
The coverage of this study allowed the identification of a core microbiome, present in over 95 % of 320 the samples analyzed and composed of only 13 OTUs. The most abundant of these taxa belonged to 321 the Bradyrhizobiaceae family. This is one of the most common families worldwide, as identified by 322
Delgado-Baquerizo et al. (2018) . However, whether this is the same taxa remains unclear and 323 highlights the need for global studies incorporating extreme environments. The identification of a 324 core Arctic soil microbiome is novel and this low number of cosmopolitan OTUs illustrates the potential 325 for endemism. For the rest of the bacterial community, spatial and edaphic factors influenced 326 distribution across the region. 327
Arctic bacterial community assembly 328
The distance-decay curve [ Fig.2A,2B ] illustrated the influence of geography on bacterial 329 communities. The spatial autocorrelation is a proxy for dispersal limitation, which was restricted to 330 approximately 20 m [ Fig.2B ]. However, the lack of small-scale data is problematic in estimating the real 331 autocorrelation range. The variation partitioning analysis quantified the importance of both, 332 selection (deterministic) and dispersal (stochastic) on the bacterial community structure. 333
Environmental variables explained 30 % of the total variation (selection), of which 15 % was spatially 334 structured, corresponding to the induced spatial dependence, as described in Borcard et al. (2018) . processes. It has been hypothesized that communities primarily structured by deterministic processes 382 will host more specialist taxa, highly adapted to the ecosystem, while communities influenced by 383 dispersal will harbour primarily generalist taxa, more resilient to change (Pandit et al., 2009; Graham 384 and Stegen, 2017; Sriswasdi et al., 2017) . While specialist taxa are restricted to certain niches, they 385 can be locally abundant; shared taxa, or generalists, are distributed across many niches (Barberán et 386 al., 2012) . In most cases specialist will be more abundant because generalists rapidly become 387 specialists to adapt to their ecosystems, despite generalists having evolutionary advantages (Sriswasdi 388 et al., 2017) . 389
In this study, bacterial communities were specialist-dominated in acidic soils, generalist-dominated in 390 acidoneutral soils and a mixed community in alkaline samples. The higher abundance of specialists in 391 acidic soils (considered the harshest systems) could illustrate the need for environmental adaptations 392 to survive in these ecosystems and suggests that deterministic processes likely structure microbial While natural CH4 emissions come primarily from wetlands, the identification of these phylotypes in 419 acidic soils suggests wetland may not be the only major source of northern methane emissions. 420
Understanding the distribution and abundance of such indicator taxa, combined with field gas 421 measurements may allow large-scale estimates of climate-active gases release rates in the region, 422 from soils and wetlands (Wartiainen et al., 2006; Jørgensen et al., 2015) . 423
Concluding remarks 424
This study investigated patterns in soil bacterial diversity across the Arctic and demonstrated that 425 bacterial communities differed across the region. However, the dispersal range was limited to 426 approximately 20 m and the variation in communities across the Arctic was primarily driven by 427 environmental rather than spatial factors. The key edaphic property influencing communities we 428 identified was pH, in accordance with that seen elsewhere. However, 63 % of the variation remained 429 unexplained, calling for more in-depth investigations of the drivers of bacterial community structure 430 in the region. We identified unique and indicator taxa closely associated to the soil pH. Finally, a core 431 microbiome composed of only 13 ubiquitously distributed taxa was identified, highlighting the 432 potential for endemism in the region. While this study brings a deeper understanding of Arctic 433 bacterial community assemblages, this is also a baseline for future functional studies in the region, 434 which will be critical to forecast the ecological consequences of environmental change. 435 Table S1 . 618 
